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Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) is a novel coronavirus that emerged in
Wuhan, China in December 2019. It has caused a global outbreak which represents a major threat to
global health. Public health resorted to non-pharmaceutical interventions such as social distancing and
lockdown to slow down the spread of the pandemic. However, the effect of each of these measures
remains hard to quantify. We design a multi-scale model that simulates the transmission dynamics of
COVID-19. We describe the motion of individual agents using a social force model. Each agent can be
either susceptible, infected, quarantined, immunized or deceased. The model considers both mechanisms
of direct and indirect transmission. We parameterize the model to reproduce the early dynamics of dis-
ease spread in Italy. We show that panic situations increase the risk of infection transmission in crowds
despite social distancing measures. Next, we reveal that pre-symptomatic transmission accelerates the on-
set of the exponential growth of cases. After that, we demonstrate that the persistence of SARS-CoV-2 on
hard surfaces determines the number of cases reached during the peak of the epidemic. Then, we show
that the restricted movement of the individuals flattens the epidemic curve. Finally, model predictions
suggest that measures stricter than social distancing and lockdown were used to control the epidemic in

Wuhan, China.

© 2020 Elsevier Ltd. All rights reserved.

1. Introduction

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2)
is a highly transmissible coronavirus that has spread around the
world causing an epidemic outbreak [1]. SARS-CoV-2 is a virus
which can be transmitted to humans, in a similar way to other
coronaviruses like SARS-CoV and Middle East Respiratory Syn-
drome (MERS)-CoV [2]. Human-to-human transmission occurs via
respiratory droplets secreted by infected patients when they cough
or sneeze. Some of these droplets can be directly be inhaled by
individuals nearby. Others can contaminate neighbouring hard sur-
faces. As a result, a susceptible individual can contract the virus by
touching a contaminated surface and then their face. This indirect
mechanism of transmission is important in the case of SARS-CoV-
2, because stable SARS-COV-2 can remain on some type of surfaces
like plastic and stainless steel for a few days [3].

Infected individuals with coronavirus disease (COVID-19) do not
develop symptoms immediately upon contracting the virus. In-
deed, one of the main features of COVID-19 is the relatively impor-
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tant period of incubation. The median value for COVID-19 incuba-
tion period was estimated at 5.1 days [4]. However, a recent study
suggested pre-symptomatic transmission of COVID-19 [5]. In other
words, infected individuals start transmitting the disease a few
hours or days before the end of the incubation period. This mode
of ’silent transmission’ could be a driver of the disease spread.
SARS-CoV-2 causes moderate to severe clinical outcomes in 20% of
infected patients [6].

In the absence of effective vaccines or therapeutics, non-
pharmaceutic interventions (NPIs) were adopted as a strategy to
slow down the disease propagation. Some of these control mea-
sures aim to reduce the probability of infection transmission dur-
ing direct contact. For example, by promoting hygiene practices
and cough etiquette. Other measures, like social distancing and
the closing of schools and workplaces, reduce the opportunities of
human-to-human transmission. The rest of the interventions like
the disinfection of public areas aim to reduce the chances of in-
direct transmission. While all of these measures slow down the
propagation of the epidemic [7], the impact of each of these NPIs
on the epidemic dynamics of COVID-19 remains hard to quantify.

Mathematical modelling can be used to gain a deeper under-
standing of the transmission dynamics of infectious diseases. Com-
partmental models provide a theoretical framework to study dis-
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ease transmission in a population of individuals [8]. These com-
partmental models can be implemented using a wide range of
modelling methods. The simplest form of compartmental models
uses ordinary differential equations to describe population dynam-
ics during an epidemic. Susceptible-infected-recovered (SIR) mod-
els are one of the most commonly used compartmental models
[9]. They describe the evolution of the number of infected indi-
viduals in a closed population. A recently published SIR model was
used to quantify the effect of quarantine on the spread of COVID-
19 [10]. Another class of widely used models consider four popula-
tion classes: susceptible-exposed-infectious-recovered (SEIR) mod-
els [11]. These models are most suitable to describe the spread
of diseases with a long incubation period, which is the case of
the COVID-19 outbreak. In this context, an SEIR was recently de-
veloped and used to conduct a data-driven analysis of COVID-19
spread [12]. Other recent studies used SEIR models to estimate
the basic reproduction number of this pandemic [13,14]. A more
complex compartmental study was used to evaluate the capacity
of the healthcare system in responding to COVID-19 propagation
[15]. The impact of the control measures that were adopted to
mitigate the COVID-19 outbreak in China was evaluated using an-
other compartmental model [16]. While another study assessed the
effect of unreported cases [17] on the outbreak dynamics. Com-
partmental models implemented using ODEs can be studied both
analytically and numerically. Partial differential equations (PDEs)
can be used to implement compartmental models to study the
spatio-temporal dynamics of an epidemic. In this context, systems
of reaction-diffusion equations can be used with to describe the
spatial densities of populations such that the diffusion term rep-
resents the motility of individuals in a computational domain [18].
Numerical simulations of these models show the propagation of
the disease in the form of travelling waves.

Multi-agent systems represent another framework which was
extensively used to study the transmission dynamics of infectious
diseases. The advantage of this approach is the possibility to accu-
rately capture the interactions between individuals. In these mod-
els, each individual is represented as an agent that can commu-
nicate with the neighbouring individuals and with the environ-
ment. Sometimes, inter-agents communication is described using
a dynamic network [19,20]. Other times, the motion of agents is
modelled and communications occur between neighbouring indi-
viduals. In this case, population movement and inter-agent com-
munication can be described using cellular automata [21,22]. so-
cial force models provide a more accurate description of pedestrian
motion [23]. In these models, each agent aims to reach its desired
velocity while keeping a certain distance from other agents. The
effect of neighbouring individuals on the agent is described using
a socio-psychological force. This approach can be used to describe
the complex dynamics of crowds which involve several interacting
individuals. social force models can be applied to study the dynam-
ics of infection spread in crowds and under realistic conditions. For
example, a social force model was used to describe the infection
propagation in airplanes [24]. Although more complex, agent-based
models can yield results which are in a good agreement with sim-
pler ODEs models [25].

Multi-scale modelling is a mechanism-based approach which
aims to integrate the effects of regulatory mechanisms across mul-
tiple scales of space and time [26]. Hybrid discrete-continuous
model benefits from the advantages of both the agent-based
framework and the equation-based representation [27]. These
models were developed to describe biological systems [28,29]. In
multi-scale models, Infection dynamics are represented at the host
and the population levels [30]. The advantage of this approach is
the possibility to integrate available data and knowledge across
multiple scales of description. In this context, collected data was
used to calibrate several multi-scale models of the foot-and-mouth

epidemic [31]. Multi-scale models provide a rich description of the
infection dynamics at the individual and environment levels than
multi-agent models [32].

As of April 27, 2020, SARS-CoV-2 is a newly discovered coro-
navirus. The available data and knowledge about COVID-19 epi-
demics remain insufficient. As a result, it is hard to quantify the
effectiveness of each non-pharmaceutical intervention in slowing
down the spread of the pandemic. To gain a better understanding
of the epidemic features of COVID-19, we develop a hybrid multi-
scale model that describes the transmission dynamics of this dis-
ease at both the individual and population levels. We represent in-
dividuals as agents that move in a square computational domain.
Their displacement is described using a social force model. Infec-
tive agents can transmit the virus through direct contact with sus-
ceptible individuals. They can also contaminate the neighbouring
surfaces by secreting droplets which contain the virus. The con-
centration of stable SARS-CoV-2 on hard surfaces is described with
a partial differential equation. Infected individuals do not develop
symptoms until the end of the incubation period. However, they
can start transmitting the virus before the onset of symptoms. The
chances of survival of patients depend on their age and health
conditions. We use the model to study the early transmission dy-
namics of COVID-19 in Italy, where control measures were relaxed.
Next, we study the risk of virus transmission in crowds moving
under panic. Then, we investigate the impact of pre-symptomatic
transmission on the spread of the disease. After that, we quantify
the effect of the effect of SARS-CoV-2 persistence on hard surfaces
on the epidemic curve. Finally, we use the model to assess the
potential of restricted population movement in slowing down the
epidemic progression.

2. A hybrid model of COVID-19 transmission dynamics

In this section, we formulate a hybrid multi-scale model to
describe the transmission dynamics of COVID-19. The model de-
scribes the spread of the infection in a closed population of 250
individuals, all potentially symptomatic, moving in random direc-
tions in a square section of 250 x 250 m2. Agents are introduced
at random locations at the beginning of each simulation and the
motion of individual agents is described using a social force model.
We assume periodic boundary conditions to approximate systems
with larger populations. A snapshot of numerical simulation using
the model is provided in Figure 1. The model was recently applied
to understand the impact of the NPIs adopted by Morocco in con-
taining the COVID-19 epidemic [33].

We consider two modes of virus transmission. First, infective
agents can transmit the disease to susceptible agents through di-
rect contact. Second, they can contaminate neighbouring surfaces
and subsequently cause the infection of other agents. We describe
the concentration of the virus on hard surfaces using a partial dif-
ferential equation. We consider that infected agents do not be-
come symptomatic until the incubation period is over. Still, they
can transmit the infection to susceptible agents before the end of
this period. Infected agents become isolated a few days after the
development of symptoms as they go into quarantine. They can ei-
ther survive or die depending on their age and health conditions.
The high-fidelity of the model is suitable for the study of NPIs
and control measures which target both population movement and
person-to-person disease transmission.

The objective of this study is not to give accurate predictions
on the evolution of the epidemic. But rather to understand the
effect of NPIs on the transmission dynamics of the disease. The
present model is built on several assumptions. First, the role of
children in disease transmission is not considered because most of
the children that were infected with COVID-19 are asymptomatic
[34]. Second, all the agents considered in the model are potentially
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Fig. 1. A snapshot of numerical simulation using the hybrid model. The size of agents is increased by six times to make the distinction of agents easier. Each type of agents
is represented with a different color as shown in the legend. The green color gradient represents the concentration of the virus on contaminated surfaces.
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Fig. 2. Schematic representation showing two pedesterian and the used notations in the description of the model.

symptomatic [35]. We do not consider asymptomatic individuals as
we do not have sufficient data on the infection dynamics of these
individuals. We restrict this study to symptomatic cases to com-
pare with available epidemiological data. However, we consider
pre-symptomatic transmission as it was demonstrated for COVID-
19 by analyzing epidemiological data [5]. Third, we do not con-
sider the effect of unreported cases on the dynamics of disease
spread. Unreported cases could affect the transmission dynamics
of the virus as they are not isolated from the rest of the popula-
tion. The effect of unreported cases will not be considered in the
present study to make the interpretation of results easier. Finally,
we consider a relatively small computational domain with a re-
duced population of susceptible agents. Numerical simulations us-
ing this multi-scale model are computationally expensive. because
we use a very small time step (dt = 10~ h) to track all the con-
tacts between agents. Therefore, stochastic noises are expected to
be elevated in the obtained results, but the disease dynamics are
expected to be the same as in larger systems.

2.1. Agent displacement

We study the dynamics of virus transmission in a population of
agents that move in random directions. Each agent is represented
by a circular particle of mass m; and radius r; as represented in
Figure 2. We use modified Langevin equations to describe the ve-
locity and displacement of each agent i [36]:

dv;
mige = K+ B+ g )]

dx;
d_tl =1, (2)

where v; is the velocity of the pedestrian and x; is its displace-
ment, f,.se’f is the self-driven force (or the so-called acceleration
force [23]) allowing the individual to reach his own destination is
defined by:

fiself =m; d,lri 17

vg4 i is the desired velocity at which the ith pedestrian wants to
move. For normal conditions, the speed is chosen to be following
a normal distribution with an average of 1.34 m.s~!(~ 5 km/h) and
a standard deviation of 0.26 m.s~1, t; is a relaxation time, which
specifies how long the pedestrian will take to recover his desired
velocity after a contact or after a sudden change in their path. This
parameter reflects the aggressiveness of the individual [37]. The so-
cial force f7° describes the tendency of agents to avoid contacts
and keep a desired distance dy between them in order to com-
ply with social distancing measures [23]. It is the sum of repulsive
forces exerted by neighbouring agents:

fre=3"fi (3)

where ffj"‘ is given by:

soc _ otexp(d”"+d°)(y +(1- V)H%S(m)eijs if d;j < do
Y 0, elsewhere
Here, we have:
e djj:=||x; —xj|| — (r; +1;) is the distance between the two

agents i and j.
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Table 1

Default values for the parameters of the social force model taken from [37].
Parameter Symbol  Value Unit
Walking speed [lvall N(1.34, 0.26) m.s~!
Radius T; 0.23 m
Mass m; 83 kg
Relaxation time T; 0.5 s
Magnitude of socio-psychological force o 2000 kg.m.s—2
Falloff length of socio-psychological force S 0.08 m

e dy is a desired distance that the individuals wish to keep be-
tween them, it can depend on the movement purposes of
agents (leisure, evacuation, rush hour...) [36].

e o and B are two positive constants of the model representing
the magnitude of the maximum socio-psychological force and
its falloff length respectively.

e y is a parameter taken such that 0 < y < 1. It grows with the
effect of interactions behind an individual, and ¢ is the angle
between the desired velocity v4 ; and the vector —e;;.

f{" is also an exponential term that models interaction between
pedestrian i and obstacles with defined such as introduced in [36],
and &; is a small fluctuation force. The default values of parameters
for the social force model are provided in Table 1.

2.2. Modes of disease transmission

Infective individuals secrete droplets which contain SARS-CoV-
2 when they cough or sneeze. These droplets transmit the virus if
they get inhaled by other individuals directly. They can also con-
taminate neighbouring surfaces which can lead to the subsequent
infection of susceptible persons. We consider both of these modes
of transmission in our model. To describe direct contact transmis-
sion, we consider that each infective agent will probably transmit
the virus to susceptible agents if the distance between them is
less than one meter. Direct transmission depends on certain events
such as sneezing, coughing, or handshaking. Thus, we can assume
that person-to-person transmission follows a Bernoulli distribution.
We consider that the susceptible agent has a probability (py) of be-
ing infected upon contact with the contagious one. This probability
can depend on the compliance with non-pharmaceutical measures
such as the wearing of mask, handwashing, and cough etiquette.

Indirect transmission occurs when infective individuals contam-
inate the neighbouring hard surfaces. These individual transmit the
virus to the surrounding surfaces by touch or through secreted
droplets if they cough or sneeze. To simulate indirect contact, we
first describe the normalized concentration of stable SARS-CoV-2
on hard surfaces:
aC
ar = W —oC, (4)
where C is the normalized concentration of deposited SARS-CoV-2
on hard surfaces, W is the averaged rate of SARS-CoV-2 secretion
by contagious agents, o is the decay rate of the virus. The daily
probability of contracting the virus by indirect trnasmission is es-
timated as:

Pin = AC(x;), (5)

where A is a positive constant taken smaller than one. Note that
for each agent, indirect transmission can occur only once every
day. It is evaluated at a random moment of the day for each agent.

We solve Equation 4 on a computational grid of 250 x 250
nodes using the Euler explicit scheme. Before solving this equa-
tion, we spread the production rate of secreted virus by infective
individuals (W) to the computational grid using a radial basis func-

Table 2

Default values for the parameters used in the submodel of disease transmis-
sion. The value of the decay rate was estimated such that the half-life time of
stable SARS-CoV-2 on hard surfaces is taken equal to 4 h [3]. The probabilities
of direct and indirect transmisstion were fitted to reproduce epidemiological
data.

Parameter Symbol  Value Unit

Secretion rate of SARS by infective agents w 0.001 h1

Decay rate of SARS-CoV-2 o 0,1732  h!

Probability of direct transmission Dda 0.04 -

Parameter of indirect transmission per day XA 0.015 -
tion:

1 wd :
B Z(1-|-cos(£)), ifd <dg
o) = {o, ifd>do’

where d is the distance between the node and the center of the
agent. dy is the characteristic distance which describes the extent
to which secreted droplets can infect the neighbouring surfaces.
We take dy = 2 m. To simulate indirect transmission, we evaluate
the local concentration of stable SARS-CoV-2 at the center of sus-
ceptible agents. We compute this value using bilinear interpolation.
Default values of transmission parameters are provided in Table 2.

2.3. The clinical course of infected patients

Infected individuals develop symptoms as soon as the period of
incubation is elapsed. However, they become contagious and start
spreading the disease a day before the end of this period [38]. The
incubation period falls within the range of 2-14 days with a mean
of 5.1 days. We use a log-normal distribution fitted using clinical
data [4] to sample the values of the incubation period for each
agent. After the development of mild symptoms, agents keep mov-
ing in the computational domain and transmitting the disease for a
few days until the symptoms become more severe. Then, they be-
come isolated and go into quarantine at home or in a hospital. We
model this period of isolation by considering that the patient stops
moving, transmitting the virus, and interacting with other agents.
The outcome of this period will be either the death or the survival
of the patient. If the agent survives, then it becomes immunized
to infection and starts moving again. The considered COVID-19 epi-
demiological characteristics in the model are provided in Table 3.

The mortality rate of each agent depends on the characteris-
tics of the agent (age, risk factors) as described below. The median
time from hospital admission to death is 13 days [39]. The median
time from hospital admission to discharge for surviving patients
is approximately 20.2 days. We have represented the clinical used
course for infected patients in Figure 3.

2.4. Demographic characteristics and mortality risk of infected agents

In our model, the mortality risk by COVID-19 depends on the
age and health conditions of each patient. Children are not con-
sidered in the present study because they rarely develop symp-
toms upon contracting COVID-19. We assign an age to each in-
dividual agent. For this purpose, we use a distribution represent-
ing the age structure of a population of sampled agents. The age
of the agents determine the risk of COVID-19-related mortality as
shown in Table 4 [6]. Each agent can also have one or many of
the following risk factors: cardiovascular diseases, blood pressure,
diabetes, cancer, and chronic respiratory diseases. The prevalence
of each of these risk factors and the corresponding death proba-
bility are given in Table 5 [7]. One of the core assumptions of the
model is that we consider the maximum among the probabilities
of death caused by the age and the risk factors. For example, if a
patient is aged 82 and has diabetes, the death probability will be
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Table 3

Values of the considered COVID-19 characteristics in the model.

characteristic time

median (standard deviation)

comments and reference

Incubation period
Pre-symtomatic transmission
Onset to quarantine
Quarantine to discharge

5.1 (3.1) days
1 day

3.9 (0.5) days
20.2 (2) days

log-normal distribution [4]
assumed

normal distribution [39]
normal distribution [39]

Quarantine to death 13 (1) days normal distribution [39]
pre-symtomatic
transmission
—_— >
incubation period
susceptible infected symptomatic
immunized Y
quarantined
deceased

Fig. 3. The clinical course of an infected patient in the model. The infected patient develops symptoms by the end of an incubation period. However, they can start
transmitting the virus before the onset of symptoms. A few days after, patients become quarantined as their symptoms become more severe. Then, they can either die or

survive and become immune depending on their age and health condition.

Table 4
The distribution of age groups in the model and the corresponding mor-
tality risk. Mortality risks are taken from [6].

Age group  Sampling probability in the model ~ Death probability
18-29 19.24% 0.2%
30-39 19.24% 0.2%
40-49 19.24% 0.4%
50-59 19.24% 1.3%
60-69 14.57% 3.6%
70-79 6.08% 8%
80-90 2.39% 14.8%
Table 5

The prevalence of risk factors in the model and the considered mortality rate for
each one. Mortality risks are taken from [7].

Risk factor Sampling probability in Death probability
the model

Cardiovascular diseases 25% 13.2%

Diabetes 8% 9.2%

High blood pressure 25% 8.4%

Chronic respiratory diseases 5% 8%

Cancer 0.57% 7.6%

14.8% which corresponds to the rate of mortality by old age and
not because of diabetes.

2.5. Computer implementation

The code was written in C++ in the object-oriented program-
ming (OOP) style. The GNU Scientific Library (GSL) was used for

the sampling of random variables. The average CPU time for nu-
merical simulations of transmission dynamics in 90 days is around
3.5 hours on a computer with four cores and 6 Gb of RAM. Re-
sults were post-processed using the software ParaView and Python
scripts. The code is available and can be accessed at: https://github.
com/MPS7/SIM-CoV.

3. Results
3.1. Transmission dynamics in the case of relaxed control measures

We begin by considering the case of low-dense population (p =
1 Ped.m~2). The socio-psychological force is not taken into account
as we do not consider social distancing. We begin by validating the
model by considering a case where NPIs are relaxed. To do this,
we reproduce data of COVID-19 outbreak in Calabria, Italy [40] by
fitting the probabilities of direct and indirect transmission in the
model (p; and p;,). The values of transmission probabilities which
give a good agreement are py; = 0.04 and A = 0.002. The number of
COVID-19 tests in this region is estimated to be around 7500 tests.
Figure 4 shows a comparison of the simulated number of cases
and the reported ones in Calabria after model calibration. The
model displays a similar growth factor as the reported one in data
of active infected cases in Calabria, as well as the other regions
of Italy.

After model calibration, we study the dynamics of disease
transmission under relaxed epidemic control measures. We run a
numerical simulation and we study the evolution of agent pop-
ulations. The mean age of the sampled population is 45.05 and
53% of sampled individuals have at least one of the five risk
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domain.

factors considered in the model. The simulation starts by introduc-
ing one infected agent to the computational domain. The exponen-
tial growth of infected agents begins approximately 14 days after
that. In this phase, the cumulative number of infected agents dou-
bles in approximately every four days. We have represented the
evolution of the active and cumulative fraction of infected agents
in Figure 5, A.

The peak of the outbreak is reached in day 31. At this time, the
fraction of simultaneously active infected agents reached 80%. 64%
of them are symptomatic and 37% are quarantined (Figure 5, B).
The outbreak is resolved by day 67. At this time, only one quaran-
tined patient remains and 91.6% of agents are immunized as shown
in Figure 5, C. The model predicts that, in the absence of any con-
trol intervention, the disease will infect 98.4% of the system pop-
ulation by the of the simulation time. The model predicts that the

case fatality rate (CFR) is 6.5%. Note that these values can slightly
change from one simulation to another because of the stochastic
noises caused by the relatively low number of agents. Snapshots of
numerical simulations showing the different stages of the epidemic
are provided in Figure 6. The concentration of stable SARS-CoV-2
on hard surfaces reaches its maximal value during the peak of the
outbreak (Figure 5, D). This suggests that indirect tranmission be-
come more frequent as the diseases propagates.

3.2. Panic situations increase disease transmission in crowded areas
despite social distancing

Social distancing, or physical distancing, is a set of non-
pharmaceutical interventions which aim to increase the minimal
distance between people. Social-distancing is effective in slowing
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and most of the agents are now immunized and cannot become infected again.

down the epidemic progress because it prevents contacts between
individuals. However, it is hard to accurately estimate that mini-
mal distance that should be kept between individuals to avoid con-
tacts in crowds and, especially in panic situations. Indeed, keep-
ing a distance from everyone becomes hard when an individual is
moving inside a crowd of panicking people. To assess the risk of
infection spread in crowds, we run numerical simulations of high-
density crowds and we estimate the frequency of person-to-person
contact. First, we study the effect of density on crowd dynamics
in the absence of the socio-psychological force. We define a con-
tact as the situation where the distance between the two agents is
smaller to the sum of their radius. Figure 7, A shows the exponen-
tial growth of the contact frequency as the agent density increases.
Then, we introduce the socio-pyschological force and we study the
impact of its magnitude («) on the contact frequency in the crowd.
The magnitude of the socio-psychological force quantifies the ten-
dency of individuals to comply with social distancing measures.
Figure 7, B illustrates the evolution of the contact frequency as a
function of the magnitude of the socio-psychological force for two
density values. As expected, the contact frequency decreases as the
magnitude grows. However, this frequency can still be important
for average magnitudes of the socio-psychological force, in high-
density crowds.

In normal situations, the amplitude of the desired velocity
[lvgll is sampled from a normal distribution with an average of

1.34ms™! and a standard deviation equal to 0.26 m.s~!. Usu-
ally, agents keep the desired minimal distance between them if
they walk at this speed in uncrowded areas. On the other hand,
contact frequency increases significantly when agents are under
panic (||v4]| =3 m.s~!) or if they move in a dense crowd (p >
1.5 Ped.m~2). In this case, the number of contacts can be min-
imized only if the magnitude of the socio-psychological force is
very high. Figure 7, C shows the contact frequency as a function of
both amplitudes of the desired velocity and the socio-psychological
force in a crowd with a density equal to 1.5 Ped.m~2. These find-
ings suggest that individuals will no longer keep the minimal dis-
tance between them as a safety measure when they are under
panic. This scenario was observed in train and metro stations (for
example in Italy and in India) when a large number of people at-
tempted to travel a few days before the start of the curfew. There-
fore, it is important to think about other control measures such
as the use of restricted access and obstacles to reduce the flow of
people.

Next, we consider a fixed value for the magnitude of the
socio-psychological force, taken equal to o = 2000 kg.m.s~2 and we
change the desired distance that agents aim to keep between them
(do). In Figure 7, D, we represent the contact frequency as a func-
tion of the amplitude of the desired speed and the distance that
agents wish to keep between them (dy). As before, we notice the
contact frequency decreases when the desired distance is higher
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than 1.5 m. This indicates that the measures which aim to maintain
a distance of one metre between individuals may not be sufficient
to prevent contacts in dense crowds, under panic.

3.3. Pre-symptomatic transmission significantly accelerates the onset
of the exponential epidemic growth

In the remainder of this paper, we study the effect of trans-
mission dynamics in uncrowded areas with a density equal to
1 Ped.m2. We do not consider the socio-psychological force as
we no longer consider social distancing. Several studies have sug-
gested the possibility of pre-symptomatic transmission in COVID-
19 [5,41,42]. However, it is not clear if this pre-symptomatic
transmission significantly affects the dynamics of the epidemic.
To investigate this hypothesis, We suppose that infected indi-
viduals start transmitting the disease before the onset of symp-
toms. We run three simulations reflecting different periods of pre-
symptomatic transmission: h (no pre-symptomatic transmission),
24 h, and 48h. Simulations predict that adding twenty-four hours
to the period of pre-symptomatic transmission accelerates the on-
set of the exponential growth by approximately five days. Decreas-
ing the period of pre-symptomatic period also flattens the epi-
demic curve of COVID-19 as shown in Figure 8. This suggests that
the early diagnostic for COVID-19 will flatten the epidemic curve.
The isolation of pre-symptomatic carriers should significantly slow
down the spread of the disease.

3.4. SARS-CoV-2 persistence on the hard surfaces increases the
number of infected individuals reached at the epidemic peak

An important feature of SARS-CoV-2 is its ability to persist for
a few hours to a few days on hard surfaces. In fact, SARS-CoV-2
is more stable on plastic and stainless steel than on copper and
cardboard [3]. The half-life time of the virus varies from 2 hours
to 10 hours depending on the surface type. To evaluate the ef-
fect of SARS-COV-2 persistence on its transmission dynamics, we
compare the output of three numerical simulations. We run each
simulation with the same parameter set except for the SARS-CoV-
2 decay rate (o) which corresponds to three values of SARS-CoV-
2 half-life times on hard surfaces: 2 h, 4 h, and 8 h. The results
show that the epidemic dynamics remain the same except for the
value of infected individuals reached during the peak of the out-
break (Figure 9).

To further investigate this effect, we count the number of di-
rect and indirect transmissions in each simulation. In the normal
case, where the half-life time is 4 h, the percent of indirect trans-
missions was 23%. Most of these transmissions took place during
the peak of the outbreak because the virus concentration is high
at this moment. Increasing the persistence of the virus resulted in
a higher proportion of indirect transmission to 28.1%. While reduc-
ing the half-life time of the stable virus decreases the rate of indi-
rect transmission to 19.8%. Disinfection of public areas reduces the
concentration of stable SARS-CoV-2 on hard surfaces. Therefore, we
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expect it to decrease the number of indirect transmissions and to
reduce the reached number of infected individuals during the out-
break peak.

3.5. Restricting the movement of the population flattens the epidemic
curve of COVID-19

Lockdown is an emergency control measure which aims to re-
duce the movement of the total or a part of the population. It
can be used to mitigate the spread of highly infections diseases
such as COVID-19. However, a full lockdown is a costly solution as
it causes the arrest of all economic activities. We investigate the
effect of partial lockdown on disease spread by considering that
only a proportion of the population can move. The model predicts
that higher the number of motionless agents is, the flatter the epi-
demic curve will be (Figure 10, A). In other words, the slope of the
exponential growth decreases as the number of immobile agents
grows. The cumulative fraction of infected patients is also reduced
as shown in Figure 10, B. Restricted population movement also de-
creases the proportion of infected agents (Figure 10, C) and the
number of infected individuals reached during the peak of the out-
break (Figure 10, D). As a result, partial lockdown measures reduce
the number of deceased patients as shown in Figure 10, E.

We compare the model predictions with the reported data of
the cumulative number of hospitalized patients in Wuhan, China
[43]. To achieve this, we fit both the percent of immobile agents

and other model parameters. We notice that reducing the percent
of mobile agents flattens the epidemic curve. However, it does not
delay the onset of the exponential growth in a similar way to
the reported epidemic curve for the case of Wuhan, China. There-
fore, we have reduced the probabilities of transmission by approx-
imately four times to observe roughly the same epidemic curve
(Figure 11).

4. Discussion

This paper is devoted to the study of COVID-19 transmission
dynamics using a specific multi-scale model. We calibrated the
model using available data on the cumulative number of reported
cases in two situations, one for relaxed control measures (Calabria,
Italy) and the other with strict non-pharmaceutical interventions
(Wuhan, China). The proposed model has several features which
makes it suitable for the quantification of the effects of control
measures on both the individual and population levels. First, we
have used a microscopic social force model to describe the mo-
tion of agents. As a result, we were able to properly study the ef-
fect of social distancing in crowded areas. Numerical simulations
with this model revealed that these measures do not prevent the
transmission of the disease in high-density areas, especially when
agents move under panic. Next, we considered the mode of indi-
rect disease transmission which depends on the virus concentra-
tion on contaminated surfaces. This transmission mode is impor-
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tant in COVID-19 as SARS-CoV-2 can remain viable on various sur-
faces for a few days [3].

Another important feature of the model concerns the integra-
tion of measured characteristics of the clinical course of COVID-
19. The incubation period was sampled using a log-normal dis-
tribution, which was fitted using clinical data [4]. Mean values
for the periods from symptom onset to hospitalization, discharge,
and death were taken the literature [39]. Finally, The realistic dis-
tributions of demographic and clinical factors allows the accu-
rate prediction of the population-specific CFR. We can tune the
model to predict the response of different countries with differ-
ent age structures and risk factors prevalence to the spread of
COVID-19.

Several conclusions can be drawn from the present study con-
cerning the effect of epidemic control interventions. First, we have
shown that panic situations could result in the spread of the dis-
ease, despite the adherence of individuals to social distancing mea-
sures. Numerical simulations with the social force model suggests
that social distancing is not fully respected in crowded areas, es-
pecially when individuals move under panic. Situations such as
panic-buying could result in the rapid spread of the virus. There-
fore, control strategies for COVID-19 should aim to avoid the for-
mation of dense crowds and should prevent the spread of panic.
Furthermore, we have demonstrated that keeping a minimal dis-
tance of one metre between individuals is not sufficient to prevent

person-to-person contacts in crowded areas. Next, the model have
shown that pre-symptomatic transmission significantly shapes the
outbreak dynamics. Therefore, modelling works devoted to the
study of COVID-19 spread should take into consideration the ef-
fect of pre-symptomatic carriers. Besides, increasing the number of
tests for COVID-19 is expected to significantly slow down the prop-
agation of the epidemic as many pre-symptomatic carriers will get
quarantined before they transmit the disease. After that, we spec-
ulate that the disinfection of public areas would result in a de-
crease in the number of patients reached during the peak of the
outbreak. This is because we observe the same thing when we in-
crease the decay rate of SARS-CoV-2 on hard surfaces. Finally, fit-
ting the model to reproduce epidemiological data on the case of
Wuhan, China, suggests that measures that are stricter than so-
cial distancing and lockdown were adopted to control the epidemic
spread. We can speculate that the early wearing of masks, the
washing of hand, and the following of cough etiquette, not only
flatten the epidemic curve but also delay the onset of the expo-
nential growth.

Note that the model relies on a few key assumptions. First, the
effect of unreported cases and asymptomatic transmission were
not considered in the present work. The role of these ’silent trans-
mitters’ of infectious diseases was investigated in a previous work
[44]. We did not introduce them in the present work, as there are
no sufficient data on the infection dynamics of COVID-19 in asymp-
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tomatic individuals. We will study the effect of unreported cases
using our model in a forthcoming work. Second, the model consid-
ers a relatively low number of agents. This is because of the high
computational cost of the model. We have used periodic bound-
ary conditions to approximate systems with a higher number of
individuals. We expect the results to be similar for larger systems
but with less stochastic noises. Finally, the study is devoted to the
transmission dynamics in closed systems. The transport of people
between the studied area and other locations could impact the epi-

demic dynamics. In the future, we will apply the model to inves-
tigate the transmission dynamics of COVID-19 in crowds, in urban
areas with realistic configurations.
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